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Abstract Personalized recommendation system is ubiquitous in daily life. However, the huge
amount of memory requirement to store the embedding tables used by deep learning—based
recommendation system models is taking up most of the resources of industrial Al data centers. To
overcome this problem, one of the solutions is to use Tensor-Train (TT) decomposition, is promising
compression technique in deep neural network. In this study, we analyze unnecessary computations in
Tensor-Train Gather and Reduce (TT-GnR) which is the operation of embedding layer applied with
TT decomposition. To solve this problem, we define a computational unit called group to bind the item
vectors into a group and propose Group Reduced TT-Gather and Reduce operation to reduce
unnecessary operations by calculating with groups. Since the GRT-GnR operation is calculated in
groups, computational cost varies depending on how item vectors are grouped. Experimental results
showed that the GRT-GnR operation had a 41% decrease in latency compared to conventional
TT-GnR operation.
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